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The modular control hypothesis suggests that motor commands are built from precoded
modules whose specific combined recruitment can allow the performance of virtually
any motor task. Despite considerable experimental support, this hypothesis remains
tentative as classical findings of reduced dimensionality in muscle activity may also result
from other constraints (biomechanical couplings, data averaging or low dimensionality
of motor tasks). Here we assessed the effectiveness of modularity in describing muscle
activity in a comprehensive experiment comprising 72 distinct point-to-point whole-body
movements during which the activity of 30 muscles was recorded. To identify invariant
modules of a temporal and spatial nature, we used a space-by-time decomposition
of muscle activity that has been shown to encompass classical modularity models.
To examine the decompositions, we focused not only on the amount of variance they
explained but also on whether the task performed on each trial could be decoded from
the single-trial activations of modules. For the sake of comparison, we confronted these
scores to the scores obtained from alternative non-modular descriptions of the muscle
data. We found that the space-by-time decomposition was effective in terms of data
approximation and task discrimination at comparable reduction of dimensionality. These
findings show that few spatial and temporal modules give a compact yet approximate
representation of muscle patterns carrying nearly all task-relevant information for a variety
of whole-body reaching movements.
Keywords: modularity, muscle synergies, space-by-time decomposition, task discrimination, whole-body
pointing, single-trial analysis
1. INTRODUCTION
Human motor control has been hypothesized to rely on a modular organization of muscle
activity (the so-called muscle synergies or motor primitives) since Bernstein (1967) and the
seminal works of Bizzi’s group (Bizzi et al., 1991). This hypothesis postulates that the central
nervous system (CNS) exploits modularity as a simplifying mechanism to control the many
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neuromusculoskeletal degrees of freedom underlying goal-
directed voluntary movements (Flash and Hochner, 2005;
Bizzi et al., 2008). The standard approach to studying motor
modularity consists in recording electromyographic (EMG)
activity during performance of various motor tasks and then
applying dimensionality reduction techniques to decompose the
EMG signals into a set of putative synergies. This approach has
held substantial evidence supporting the modularity hypothesis
(Berniker et al., 2009; Nazarpour et al., 2012a; Overduin et al.,
2012; Berger et al., 2013) as well as contradicting (Kutch et al.,
2008; Valero-Cuevas et al., 2009) or questioning it (de Rugy et al.,
2013; Zelik et al., 2014; Inouye and Valero-Cuevas, 2016).
Arguably, an effective modular decomposition must allow
reconstructing the original muscle patterns with good
approximation. However, it is known that small errors may
be amplified during the control of a non-linear dynamical system
such as the musculoskeletal plant. Therefore, without an accurate
model of the body apparatus, complementary indirect analyses
are necessary to investigate muscle synergies. In particular,
actions are defined in task space and an evaluation of the validity
of muscle synergies may conceivably require relating them to task
parameters (Nazarpour et al., 2012b; Ting et al., 2012; Todorov
et al., 2005). Hence, our approach here is to evaluate modularity
models from these two complementary points of view. On the
one hand, modularity models are typically assessed based on
their ability to approximate the recorded EMG data. However,
an absolute expectation on the EMG data reconstruction
(quantified as variance accounted for, VAF) is quite arbitrary as
high VAF values may also result in overfitting, i.e., the resulting
decomposition may contain modules that explain task-irrelevant
variance in the EMG recordings, which can be considered as
“noise.” In other words, VAF measures focus on approximating
EMG activations and ignore the task-relevance of the resulting
representations. On the other hand, the modular control theory
also implies that the CNS must be able to map a desired motor
task onto an adequate activation of modules. For distinct enough
motor tasks for which EMG signals differ beyond measurement
noise, this suggests that the projection of muscle patterns onto
invariant synergies should preserve task discriminability. This
inquiry requires contrasting between-task and within-task
variability (that may arise from the system’s redundancy and a
minimal intervention principle; Todorov and Jordan, 2002) and
assessing the extent to which distinct goal-directed movements
are discriminable from the way modules are activated on single
movements. Without this property, the relevance of a modular
description of muscle patterns would be questionable. Indeed,
even though it may yield a very good data approximation, it
would mean that the description of muscle patterns in synergy
space actually diminished between-task differences in such a way
that it becomes hard to decipher which task was really performed
on each single trial (Alessandro et al., 2013b; Delis et al., 2013b,
2015).
In this study, we examine a modular description of muscle
patterns and compare it with non-modular structures of
comparable dimensionality in terms of these two evaluation
metrics (VAF and single-trial task decoding). We combine
(a) a highly comprehensive experiment with (b) a unifying
modularity model of EMG activity (Delis et al., 2014). Our
experimental design comprises surface EMG recordings from a
large number of muscles (30) spread across the human body
on both hemibodies. Importantly, muscle activity is recorded
during performance of a large number of whole-body pointing
movements (72 distinct motions or “tasks”) in the 3-dimensional
space (Stapley et al., 2000; Leonard et al., 2009). This protocol
imposes no further constraints and spans a wide range of
movements requiring whole-body coordination including upper
and lower limbs while preserving equilibrium. Furthermore,
multiple repetitions (30) of the movements are recorded, which
allows considering within-task variations and contrasting them
with between-task variations in synergy space. In particular,
we apply a generic model of modularity, named space-by-
time decomposition, which assumes the concurrent existence
of spatial and temporal modules (Delis et al., 2014). The use
of such a unifying model limits the dependence of conclusions
upon the decomposition model used, as temporal, spatial or
spatiotemporal modular decompositions have been commonly
assumed separately before (Ivanenko et al., 2005; d’Avella et al.,
2006; Bizzi et al., 2008). To compute task decoding scores, we
employ a single-trial task decoding analysis described in depth
in previous studies (Delis et al., 2013a,b) to assess how well
we can distinguish the task performed in synergy space, which
would be impossible to estimate if trial-averaged data or a
limited set of tasks were considered. To compare the VAF and
decoding scores obtained with other values obtained from more
simple representations of the muscle patterns, we also consider
“non-modular” alternative descriptions of the data. The aim of
this analysis is to assess whether assuming an advanced model
of modularity involving optimization algorithms yields a gain
compared to describing muscle activity using parameters directly
taken from EMG signals. These analyses show the effectiveness of
the space-by-time decomposition model in both approximating
muscle patterns and explaining between-task differences in a
low dimensional space, during a variety of whole-body pointing
movements.
2. MATERIALS AND METHODS
2.1. Experimental Procedures
2.1.1. Subjects
Four healthy participants (2 males and 2 females, aged = 25 ±
3 years old, height = 1.72 ± 0.08 m, weight = 70 ± 7 kg, all
values presented hereafter refer to mean ± s.e.m.) voluntarily
agreed to participate in this study and performed the experiment.
None of them had any previous history of neuromuscular
disease. All subjects were made aware of the protocol, and
written consents were obtained before the study. Experimental
protocol and procedures were approved by the Dijon Regional
Ethics Committee and conducted according to the Declaration of
Helsinki. As the study focused on intra-individual analyses, few
subjects were included in the study.
2.1.2. Motor Task
Participants were asked to execute whole-body point-to-point
movements in various directions at a self-selected pace. The
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experimental protocol (illustrated in Figure 1) specified 9 targets
on 3 vertical bars. Subjects stood barefooted and performed
pointing movements between all pairs of targets, termed tasks
throughout the paper, using the index fingertip of their dominant
arm (right) while standing (i.e., a total of 72 different tasks). No
constraint was imposed on the left arm. Each participant repeated
each task 30 times for a total of 2,160 recorded movements per
participant. Given the large amount of movements, we separated
the whole experiment in two sessions (approximately 2 h for
each session) to avoid participants’ fatigue, with 24 h between
the two visits. Movements were pseudo-randomized: the same
movement was never repeated successively and the same number
of trials for each of the 72 motion directions (15 on day 1
and 15 on day 2) were performed in each block. We marked
electrode placement on participants’ skin to limit measurement
noise due to recording position changes. As reported previously,
EMG recordings from different days yield highly similar modular
structures (Santuz et al., 2016). Here, we also verified that the
removal of electrodes between the two sessions did not critically
affect the EMG recordings as well as the identified modules.
We computed the correlations between each module of the first
session and each module of the second session, separately for
temporal and spatial modules. We found a highly significant
mean correlation coefficient of 0.89 ± 0.09 for spatial modules
and 0.99 ± 0.01 for temporal modules (for each correlation:
p < 0.01) between the two recording sessions of each subject,
which shows that the extraction method was robust and that a
single extraction including both sessions could be performed.We
therefore present the extraction with the 30 repetitions in the
Results section.
2.1.3. Kinematics and EMG Recording and
Preprocessing
Kinematics
We recorded the 3D positions of 20 retroreflective markers
(diameter = 20 mm) using an optoelectronic measuring device
(Vicon Motion System, Oxford, UK) at a sampling frequency
of 100 Hz. 16 passive markers were fixed symmetrically on the
two hemibodies (acromial process, humeral lateral condyle, ulnar
styloid process, apex of the index finger, greater trochanter, knee
FIGURE 1 | (A) Illustration of the experimental protocol. Placement of the 9 targets and the position of the three bars supporting the targets are based on the
subject’s height (shown as percentages in figure). Subjects performed point-to-point movements between all pairs of targets (a total of 72 tasks) and repeated each
movement 30 times for each direction. (B) Top-view of the task. (C) Typical raw electromyographic data, for subject S2 and condition T1–T9 (illustrated by the
kinematic of initial and final postures and finger trajectories recorded for the associated typical trial). The recorded activity of 30 muscles, normalized in amplitude
(divided by the maximum across the whole experiment for each muscle), are plotted from time t0-0.1sec to time tend+0.1 s. Raw activations are shown in gray and
filtered signals, used as input to the module extraction algorithm, are shown in black. Movement onset t0 and offset tend (chosen as the initial and final time-point of a
time period in which the fingertip velocity was continuously above 5% of its maximum) are shown in the figure as dotted vertical lines for each muscle.
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interstitial joint space, external malleolus, and fifth metatarsal
head of foot). We added external cantus of the eye on the right
face, auditory meatus on the left, and head apex and the first
thoracic vertebra (T1) at the middle. The kinematic data were
low-pass filtered (Butterworth filter, cut-off frequency of 20 Hz)
and numerically differentiated to compute tangential velocity
and acceleration of each marker. To restrict our analysis to
movement-related activity, we defined movement onset (t0) and
end (tend) times as the beginning and end of a time interval in
which the fingertip velocity was continuously above 5% of its
maximum, and which contained this maximum (Figure 1; Delis
et al., 2013b). The average duration of the pointing movements
was 1,363 ms (± 147) with a minimum of 1,055 ms (± 189;
T3->T6) and a maximum of 1,635 ms (± 305; T9->T1).
EMGs
We simultaneously recorded the activations of 30 muscles
by means of an Aurion (Milan, Italy) wireless surface
electromyographic system. The skin was shaved before electrode
placement, and abraded softly. EMG electrodes were placed
symmetrically on the two sides of the body on the following
muscles: tibialis anterior (Ta), soleus (So), peroneus (Pr),
gastrocnemius (Ga), vastus lateralis (Vl), rectus femoris (Rf),
biceps femoris (Bf), gluteus maximus (Gm), erector spinae (Es),
pectorialis superior (Ps), trapezius (Tz), anterior deltoid (Da),
posterior deltoid (Dp), biceps brachii (Bb), triceps brachii (Tb).
These muscles were chosen because they are involved in whole-
body reaching, and importantly, they not only cover a large
part of the human body but they are also easily recordable
via a surface-EMG systems. Correct electrode placement was
verified by observing the activation of eachmuscle during specific
movements known to involve it (Kendall et al., 2005). During
this procedure, EMG signals were monitored in order to optimize
recording quality and minimize cross-talk from adjacent muscles
during isometric contractions. The trial definition (time interval
from t0 to tend) captured the principal EMG signal variations
related to the considered conditions. For each trial, the EMGs
were rectified, low-pass filtered to obtain smooth envelopes of
EMG activity (Butterworth filter, cut-off frequency of 3 Hz, zero-
phase distortion; Ivanenko et al., 2004) and normalized to 1,000
time steps. A final waveform of 50 time steps was then obtained
by using trapezoidal integration of the latter signal on a uniform
temporal grid, i.e., we binned the timecourse of the signal into
50 bins and computed the area under the curve in each bin.
Movement artifacts were visually removed by discarding the
associated trials (<2% of the total number of trials). The data
were then normalized in amplitude on a muscle-per-muscle basis
by dividing each single-trial muscle signal by its maximal value
attained throughout the experiment. A potential detachment
of EMG electrodes was assessed, for each subject, by visually
checking a posteriori that none of the recorded muscles showed
an abnormal change in signal amplitude across trials. For each
subject, we finally formed an EMG matrix of (50 time steps ×
30 muscles) in rows and 2,160 trials in columns consisting of
all the movement-related EMG activity (rectified and filtered) of
the 30 muscles for all recorded trials. This matrix was used as
input to the modular decomposition algorithm to characterize
the spatial and temporal structure of muscle activations for
this set of movements. Figure 1 (right-down panel) presents
movement kinematics (initial and final posture as well as fingertip
trajectories) and (both raw and filtered) EMG signals for one
pointing condition T1–T9 (diagonal movement from top right
to bottom left). Main results were qualitatively the same when
defining trials from t0 − 100 to tend + 100 to account for the
electromechanical delay between EMG activity and real force
production.
2.2. Space-by-Time Modular
Decomposition of Muscle Activity
2.2.1. Space-by-Time Decomposition Model
To represent muscle activity as a structured modular
decomposition, we used a space-by-time decomposition
model (Delis et al., 2014). This modularity model decomposes
muscle activity in separate but concurrent spatial and temporal
modules and combines them in single trials using scalar
coefficients in order to approximate the recorded EMG activity.
More formally, according to the space-by-time decomposition,
a single-trial muscle pattern ms(t) ∈ RT×M+ can be written as
follows (s representing each trial and T andM being the number
of time frames and muscles, respectively):
ms(t) =
P∑
i=1
N∑
j=1
wi(t)a
s
ijwj + residual, (1)
where wi(t) ∈ R
T×1
+ and wj ∈ R
1×M
+ are the temporal and
spatial modules respectively, and asij ∈ R+ is a single-trial scalar
activation coefficient. The free parameters P and N correspond
to the number of temporal and spatial modules, respectively, and
are set by the user. The dimensionality of the synergy space is thus
P × N .
2.2.2. Variance Accounted for (VAF)
To assess how well the space-by-time decomposition
approximates the recorded EMG activity, we computed
the variance accounted for (VAF) by the space-by-time
decomposition. VAF is defined as the total reconstruction error
normalized by the total variance of the dataset as follows:
VAF = 1−
∑
s ||m
s(t)−
P∑
i=1
N∑
j=1
wi(t)a
s
ijwj||
2
∑
s ||m
s(t)− m¯||2
, (2)
where S is the total number of trials, m¯ is the mean muscle
activity across all trials, time steps and muscles and ||.|| denotes
the Frobenius norm. Note that different VAFs could be defined by
replacing m¯ by zero or any other reference value (Torres-Oviedo
et al., 2006), indicating that VAF values may differ depending on
the precise definition of m¯.
2.2.3. Module Extraction
To extract the space-by-time representation of muscle activity
in the set of movements under consideration, we applied
sNM3F, a Non-negative Matrix Factorization (NMF) based
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module extraction algorithm that implements effectively the
space-by-time decomposition and identify meaningful spatial
and temporal modules (Delis et al., 2014). The advantage of
NMF-based decompositions is that they restrict the extracted
modules and activations to be non-negative, which makes them
physiologically relevant for EMG signals reflecting well the “pull
only” behavior of muscles (i.e., muscles cannot be activated
“negatively”). We input the preprocessed EMG matrix (see
above) of each subject to sNM3F and extracted P temporal
modules, N spatial modules and P×N× S activation coefficients
capturing all the variations across trials and tasks. The numbers
of spatial and temporal modules (P and N respectively) are free
parameters of the algorithm, thus we varied P = 1, . . . , 10 and
N = 1, . . . , 10 and computed the decomposition for all the
100 possible (P,N) pairs. The smallest set of modules describing
best the data was then estimated using a decoding analysis (see
section 2.4).
2.3. Task Decoding Analysis
We complemented VAF evaluation by an additional metric
allowing to quantify the plausibility of muscle synergies in task
space. Our aim was to assess the reliability of the mapping
between module activations and task performance. To quantify
this, we used a single-trial decoding analysis that evaluates how
well the single-trial coefficients of individual synergies are able to
discriminate the 72 different tasks.
The single-trial activation coefficients asij were used to
predict the task performed in each trial by means of a linear
discriminant analysis (LDA) in conjunction with a leave-one-
out cross-validation (Delis et al., 2013b). We quantified decoding
performance as the percentage of correctly decoded trials and
reported results in the form of confusion matrices. The values
on a given row i and column j of the confusion matrix C(i, j)
represent the fraction of trials on which the executed task j was
decoded as the task i. If decoding is perfect, the confusion matrix
has entries equal to one along the diagonal and zero everywhere
else. The large number of tasks in this study gives a low chance
level decoding value (equal to 1/72= 1.4%).
2.4. Module Selection and Clustering
2.4.1. Selecting the Number of Modules
Based on the decoding performance evaluation, we used a
previously validated automated procedure to select the most
compact and task-discriminative space-by-time decompositions
(Delis et al., 2013a,b). Our rationale is that VAF includes
both the “interesting variance” (related to variations in synergy
recruitment across tasks) and the “less interesting variance”
(unrelated to variations in synergy recruitment across tasks and
that may partly reflect different sources of noise or within-
task variability). The presence of the latter variance may make
difficult the selection of the correct number of synergies.
Also, the removal of “noise” variance using VAF requires the
experimenter’s intuition and partly arbitrary or ad hoc criteria
(Delis et al., 2013a,b). This complementary evaluation overcomes
this problem by singling out (by single-trial task decoding)
only the task-discriminating variance and then studying the
dependence upon the number of synergies of this part of the
variance.
We thus implemented the selection of the number of modules
as follows. For each subject, we progressively evaluated the
statistical significance of the task-discriminating information
added when increasing gradually the number of temporal
and spatial modules (P, N respectively) in the decomposition
model. The number of modules was then selected as the step
at which adding a supplementary module did not give any
significant decoding gain (p > 0.05). To assess the significance
of decoding performance, we employed a permutation test
where we randomly shuﬄed the coefficients corresponding
to the added module (while the distributions of all other
coefficients were unaffected) and computed discrimination
performance. For instance, for a given value N, we compared
the decoding performance of the synergy parameters when
using the N synergies with the decoding performance of the
parameters of all subsets consisting of N − 1 synergies plus
the parameters of the N-th synergy pseudo-randomly permuted
(“shuﬄed”) across conditions. We repeated this shuﬄing
procedure 100 times to obtain a non-parametric distribution
of decoding performance values in the null hypothesis that
the additional synergy does not add to the decoding power
of the synergy decomposition. This procedure ensured the
detection of modules that explain the “task-relevant” variability
and the exclusion of other sources of noise (“task-irrelevant”
variability) (for a more detailed description, see Delis et al.
2013a,b).
2.4.2. Clustering Analysis
To compare modules of the same type (spatial or temporal)
extracted from different subjects, we grouped them using an
agglomerative hierarchical cluster analysis (Hastie et al., 2009).
Although it was not crucial for the present study, such a
clustering can be useful for visualization purpose and for
comparison of our results with other studies. In particular,
it is worth mentioning that the modular control hypothesis
does not impose that different subjects must have the same
modules but that states that each subject may rely on its
a modular structure to generate genuine muscle patterns.
In the following, we will present the procedure used for
clustering in detail for spatial modules, but the same procedure
was followed also for clustering the temporal modules. We
quantified the similarity between spatial modules i and j as their
correlation coefficient (Ri,j). We considered spatial modules as
M-dimensional vectors and computed correlation coefficients
between all pairs of modules across all pairs of subjects. Using Ri,j
as distance measure, we created a hierarchical cluster tree from
all module pairs (Matlab function “linkage” with the “average”
distance method, i.e., using as distance between two clusters
the average distance between all pairs of objects across the
two clusters). The number of clusters was set to the maximum
number of spatial modules across subjects (i.e., 7 here). The
correlation between modules was then computed as the mean
pairwise correlation between all pairs of modules within each
cluster.
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2.5. Significance of Identified
Decompositions
We used a permutation test to assess the ability of the identified
decompositions to uncover meaningful structure in the data. We
compared the VAF and decoding performance of the identified
decompositions with the VAF and decoding performance values
obtained when decomposing structureless data. We generated
structureless data from the recorded data by randomly permuting
the muscles for each time step of each trial in every movement.
The input matrix thus had exactly the same numerical values
but was devoid of biomechanical significance. For each subject,
we performed 10 different permutations, which resulted in
10 simulated datasets on which we applied sNM3F to extract
space-by-time decompositions and computed VAF and decoding
performance of the resulting decompositions. We considered
as significance level the maximum of the VAF and decoding
performance obtained for these decompositions. Quality of the
VAF and decoding performance obtained for the recorded data
was then evaluated relative to this significance level.
2.6. Comparison With Non-modular Muscle
Pattern Descriptions
To compare the efficiency of the extracted modular
decompositions with non-modular alternatives, we computed
decoding performance and VAF of non-modular descriptions
of the data with equal number of parameters as the modular
decompositions. In particular, we examined whether alternative
descriptions of muscle activity that do not rely on an explicit
modularity model are more or less effective than the space-by-
time decomposition in (a) discriminating the task performed
and (b) approximating the EMG signals. This analysis also
served to investigate whether a subset of the recorded muscles
or a shorter temporal window of muscle activity suffices for the
characterization of (a) the recorded EMG signals and (b) the task
differences in single-trials. Thus, we compared task decoding
and VAF results of the space-by-time decomposition with those
obtained by artificially reducing the spatial dimensions (i.e.,
choosing a subset of muscles) or the temporal dimensions (i.e.,
splitting muscle activity into shorter temporal windows) or a
combination of the two. To this aim, we divided the muscle
activity of each of the M muscles (spatial dimension) into B
bins (temporal dimension) and computed the root-mean-square
(rms) of the EMG signal of each muscle within each temporal
bin. This procedure yielded M × B parameters for each trial,
which we refer to as “non-modular” parameters. This gives
an approximation of the EMG signals that does not rely on
any modularity model that can be straightforwardly compared
to the approximation achieved by the modular model. In
fact, the non-modular approximation relies on parameters
extracted directly from the signals and when the number of
parameters reaches the number of data points, it becomes a
perfect reconstruction of the original signal. Hence, by gradually
reducing the number of parameters, we can obtain a fair
comparison between the modular model performance and the
non-modular approximation. To perform a fair comparison, we
then matched the number of non-modular parameters with the
dimensions of the space-by-time decomposition, i.e., selected an
identical number of parameters for both descriptions, in three
different ways.
Firstly, we examined whether adding more spatial dimensions
(and ignoring the temporal structure of the data) would enhance
task discrimination performance. Thus, the first set of non-
modular parameters described only the spatial dimension of
muscle activity by varying the number of muscles retained (M =
N × P) and keeping only one temporal dimension (B = 1).
Secondly, we examined the effect of adding more temporal
dimensions (and ignoring the spatial structure of the data). Thus,
to obtain the second set of non-modular parameters, we varied
the number of temporal bins (B = N × P) and kept only
one spatial dimension (M = 1). Thirdly, we selected equal
numbers of spatial and temporal dimensions with the space-
by-time decomposition (M = N, B = P) and asked whether
we could achieve higher task discrimination using the non-
modular parameters instead of the modular parameters. We
repeated parameter selection for each of the three sets 20 times
(by randomly selecting muscles and/or bins, when appropriate).
We used these three sets of parameters to compute the decoding
performance of the non-modular muscle activity descriptions
and compare it with the decoding performance of the space-by-
time decomposition. Note that the VAF could not be evaluated
from some these non-modular decompositions because they
involve only a subset of the recorded muscles; thus, they can
reconstruct only a part of the EMG recordings.
To resolve this issue, we then quantified the maximal
decoding and maximal VAF that can be achieved by the dataset
under investigation using non-modular descriptions of the data
involving all recorded muscles. We described EMG activity in
single trials using the rms values from the single-trial recordings
of all M = 30 muscles, binned into increasing numbers of
temporal bins (B varying from 1 to 50). We input these values
to LDA and computed the maximal “non-modular” decoding
performance (for B = 50 the non-modular description was
identical to the one given by the original data set). Computing the
VAF was also possible here, using the following procedure: the
reconstructed EMG matrix of this non-modular decomposition
was obtained by assuming all time points within each bin to be
equal to the rms value of that bin (i.e., a piece-wise constant
function). The resulting reconstructed data matrixmsB(t) for each
trial had equal dimensions as the original single-trial EMG data
matrixms(t) and was defined as follows:
msB(t) =
M∑
i=1
B∑
j=1
asij1i,j(t)+ residual, (3)
where 1i,j(t) ∈ R
M is the indicator vector function that is
equal to 1 on the ith component if t belongs to bin j and to
0 elsewhere, and asij is the rms value of muscle i for bin j and
trial s. Hence, the VAF of the non-modular decomposition can be
computed from Equation (2) by replacing the double sum term
by
∑M
i=1
∑B
j=1 a
s
ij1i,j(t).
It is worth mentioning that the non-modular models
tested here may be sub-optimal in terms of VAF or decoding
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performance. Indeed, for the same number of parameters, better
results could be obtained by selecting different spatiotemporal
representations of the muscle patterns. The subsequent
comparison will be done between the results achieved by the
modular model, which maximizes VAF and results achieved
by the non-modular models that do not attempt to maximize
neither the VAF nor the decoding scores. The choice of the
non-modular descriptions used in the present study was guided
by simplicity and to provide a basis of comparison.
3. RESULTS
3.1. Basic Kinematic Features
The four subjects performed 72 different point-to-point
movements between pairs of targets among 9 predefined target
points. All finger velocity profiles appeared to be bell-shaped
across subjects and conditions, as previously observed in whole-
body reaching movement (Thomas et al., 2005; Berret et al.,
2009). Targets were attained with an overall mean spatial error
of 10 mm ± 2 mm (from 8 to 15 mm for T6–T3 and T9–T5
respectively). Raw EMG data, associated with the task T1–T9,
for a typical trial of subject S2, are shown in the Figure 1. These
recordings for all conditions and trials formed the EMG matrix
that was used for module decomposition.
3.2. Low-Dimensional Modular
Decomposition in Space and Time
We extracted a space-by-time representation of muscle activity
by applying the sNM3F algorithm to the EMG recordings of each
subject. Figure 2 illustrates the VAF and decoding performance
graphs (upper surfaces in all plots) as a function of the number
of spatial and temporal modules for one typical subject. These
graphs provide insights about the number of spatial and temporal
dimensions that are necessary to describe the set of tasks at
hand. For all subjects, VAF exhibits a smooth increase with the
number of temporal and spatial modules with no clear saturation
point. In contrast, task decoding performance grows quickly and
reaches a plateau for all subjects. The 3D decoding graphs show
a larger effect of the spatial dimension on decoding compared
to the temporal one indicating that precise muscle groupings
may carry more task-related information than precise timing of
muscle activations. The sets of temporal and spatial modules were
selected as the dimensions of the space-by-time decompositions
for which no statistically significant gain (p < 0.05) in decoding
was obtained when adding more (spatial or temporal) modules.
In particular, four temporal modules (P = 4) appear to carry
all decoding power for all subjects, whereas the number of
spatial modules varies across subjects and is usually higher (S1:
N = 4, S2: N = 6, S3: N = 7, S4: N = 5). The resulting
decompositions achieved on average across subjects (mean ±
sem) a VAF value of 68%± 5% and decoding performance of 86%
± 1%. The corresponding graphs for all subjects are presented
in Figure 2. VAF values may appear relatively small compared
to other studies, especially if one sets a somewhat arbitrary
threshold such as 90% for selecting the number of modules (Hart
and Giszter, 2004; Ting and Macpherson, 2005; Torres-Oviedo
et al., 2006). This discrepancy is partly due to the fact that data
were not averaged across trials here (for comparison, the VAF
obtained from averaged data was 90% ± 6% when considering
the optimal number of modules for each subject, see section 4 for
more details on these VAF differences).We assessed the statistical
significance of these VAF values by performing a permutation test
(see section 2 for details on this computation). The lower surfaces
in each plot of Figure 2 represent significance levels for VAF
and decoding values for unstructured data, which we compared
to the ones obtained from the space-by-time decompositions.
For the selected number of modules, significance level for VAF
is 9% ± 3% and for decoding performance 19% ± 5% across
subjects. Note that, for decoding, significance level is higher
than theoretical chance level (~1.4%) because our permutation
technique preserved the order of trials and tasks (only muscles
were shuﬄed for each time step). Overall, VAF and decoding
scores were significantly larger than their corresponding chance
and significance levels. These results validate that the identified
space-by-time decompositions account for relevant features of
the recorded EMG data and are not just an artifactual output of
the methods.
3.3. Consistency, Task-Independence and
Generalizability of Spatial/Temporal
Modules
We then examined the composition and shape of the extracted
spatial and temporal modules, and their similarity across
subjects. In the space-by-time decomposition, temporal modules
are T-dimensional vectors containing time-varying patterns,
accounting for the timing of muscle activity. Here, the identified
temporal modules were highly consistent across subjects (mean
correlation coefficient r = 0.92 ± 0.06 in each cluster). Each
temporal module was composed of a single activation burst
(Figure 3) and the four modules were successive in time to
describe the temporal profile of muscle activity in different
temporal windows of the full movement duration, which is
a common finding in literature (Ivanenko et al., 2004, 2005;
Chiovetto et al., 2010, 2013). This result may be the consequence
of the common organization of all movements consisting in an
acceleration phase followed by a deceleration phase.
Spatial modules are M-dimensional vectors of muscle
activation levels. The identified spatial modules exhibited higher
variability across subjects (mean correlation coefficient r =
0.92 ± 0.15) than the temporal ones, which might be partly
explained as a result of differences in movement kinematics,
the subject-specific number of spatial modules (thus requiring
different muscle groupings) and/or physical discrepancies
between participants (muscle sizes, skin conductance etc.). We
determined four clusters of spatial modules across subjects. Each
spatial module activated muscles spread across the whole body
(and on both hemibodies, Figure 4). This suggests that the
extracted spatial modules represent functional muscle couplings
for performing the movement at hand rather than purely
anatomical groupings of muscles controlling the same joints or
body parts.
To quantify whether the extracted modules were able to
generate muscle patterns underlying new tasks, we ran two
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FIGURE 2 | Influence of the number of temporal (P = 1...10) and spatial modules (N = 1...10) on VAF (left) and decoding performance (right), for each subject (S1,
S2, S3, S4). In each graph, the upper surface corresponds to the decoding performance and VAF of the space-by-time decomposition as a function of the number of
spatial and temporal modules. The lower surface represents significance levels for VAF and decoding values, computing as the maximum decoding and VAF values
obtained from a permutation test where synergies were extracted from a random shuffling of the EMG data matrix across muscles.
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FIGURE 3 | Representation of the four temporal modules identified by the
space-by-time decomposition for all subjects.
additional tests. We extracted spatial and temporal modules
using only a subset of the motor tasks (75% of all tasks)
and then quantified the similarity of these modules with those
extracted from the full dataset. To simplify these tests, we ran the
decomposition on averaged data (trial-averaged for each task) for
each subject and for the optimal number of modules. We first
performed the decomposition on a task subset selected randomly
to encompass 75% of the total number of tasks (i.e., 54 tasks out
of 72). We repeated this process 10 times for each subject. The
results showed a high correlation between the modules extracted
from subsets of tasks and the initial decomposition (containing
all tasks): averaged r values across best-matching pairs of modules
and subjects was 0.96 ± 0.03 for the spatial modules, and 0.99
± 0.01 for the temporal modules. Accordingly, the modular
decompositions of the task subsets approximated the test EMG
data equally well as the original decomposition that included all
tasks (VAF= 90%± 6%).
In our second test, we chose specific subsets of tasks to assess
the effect of target location on the extracted modules. For each
subject, we tested four different subsets (of 54 tasks out of 72):
(1) discarding all tasks ending at any target of the top row: r =
0.90 ± 0.11 (mean r across pairs of modules and subjects) (2)
discarding all tasks ending at any target of the bottom row: r =
0.93± 0.10 (3) discarding all tasks ending at any target of the left
bar: r = 0.92 ± 0.07 (4) discarding all tasks ending at any target
of the right bar: r = 0.98 ± 0.01. Also for this test, the obtained
VAF values were on average the same as the original ones
(VAF= 90%± 6%).
Therefore, the high similarity and good generalization we
found in all cases supports the relevance of the extracted modules
to approximate and construct genuine muscle patterns.
3.4. Efficiency of the Identified
Space-by-Time Decomposition in Task
Discrimination
In this part, we aimed to assess the effectiveness of the identified
space-by-time decompositions with respect to task decoding
performance. To this end, we used the single-trial parameters
of the decompositions, i.e., the N × P activation coefficients,
to decode which of the 72 tasks was performed on each trial.
Decoding results are shown as confusion matrix for all subjects
(Figure 5). Each entry of the confusion matrix C(i, j) represents
the percentage of times task j was decoded as task i. In Figure 5,
only the matrix diagonal shows high values (on average higher
than 90%), which indicates highly accurate direction decoding
from the way modules are recruited on single trials. We also
observe two light blue lines parallel to the diagonal (one above
and one below the diagonal) indicating incorrect classifications
for some pairs of tasks (corresponding to 11% of decoding errors
on average). These decoding errors concerned tasks starting
from neighboring points on the same bar and ending at the
same point on a different bar, for which the between-task
and within-task variability of muscle patterns was likely less
distinguishable. In particular, starting points T1–T3 (higher level)
were confused as T4–T6 (middle level) respectively and vice-
versa (see Figure 1 for target positions). Hence, these confusions
suggest that decoding is harder between tasks that have the same
spatial direction (left or right) and the same endpoint and their
starting locations differ only in the height dimension. Starting
points at the lower level were confused less often (<10% decoding
errors) probably because of the higher involvement of lower body
muscles required for these movements, which distinguishes them
from the middle and higher level starting points. To gain more
intuition on how activation coefficients are modulated by the
task, we also plotted the trial-averaged activation coefficients for
each initial and final target (see Figure 6 for a subject S2 and
Supplementary Material A for other subjects). For all subjects,
some coefficients are clearly modulated by changes in the final
position (e.g., S1:A44, S2:A34, S3:A14, S4:A44), and others by
changes in the initial position (e.g., S1:A31, S2:A11, S3:A21,
S4:A31). We also observed a few coefficients that were less
clearly linked to the modulation of just initial or final position.
These coefficients may encode other task parameters. However,
verifying this point requires a more thorough decoding analysis
on other task parameters (e.g., amplitude, direction) and is out of
the scope of the present study.
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FIGURE 4 | Representation of the main four spatial modules for all subjects. Each panel presents the four first spatial modules of each subject (S1 left-high, S2
right-high, S3 left-low, S4 right-low). Spatial modules were sorted for each subject relative to their similarity with the four modules of S1. Note however that we found
more than 4 spatial modules for some subjects, but we only depict 4 of them here for convenience. The 30 muscles are represented by vertical bars (white filled if
placed on the right hemibody, black on the left hemibody). For S1 only 27 muscles were recorded, the three absent muscles have zero values in the S1 panel.
3.5. Effectiveness of Space-by-Time
Modularity as Compared to
Non-modularity
To compare the effectiveness of the modular decomposition in
terms of task discrimination, we confronted its decoding power
with the ones obtained with the same number of parameters
but taken directly from the recorded muscle activity, that is,
without assuming any advanced modularity model (see section
2 for details on the extraction of non-modular parameters).
Here to treat all subjects with the same methodology, we
first computed the decoding performance of the space-by-
time decomposition with 9, 16, and 25 single-trial coefficients
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FIGURE 5 | Confusion matrix of the four subjects. For each graph, rows correspond to the decoded task and columns to the task actually performed by the subject.
Each color-scaled entry of the matrix C(i, j) represents the percentage of times the task j was decoded as the task i (yellow corresponds to 100% correct decoding
and blue is 0%).
[i.e., (N, P) = (3, 3), (N, P) = (4, 4) and (N, P) = (5, 5),
respectively, Figure 7, black curve]. We then compared the
decoding performance of the modular decomposition with the
95% confidence intervals of decoding performance obtained
using three simple sets of parameters of equal dimensionality
(red, green and blue areas) that capture the spatial, temporal
and spatiotemporal structure of the EMG data respectively
(see section 2 for details on these computations). For all
subjects, the space-by-time decomposition carried higher task
discrimination power than the three sets of parameters. Notably,
the worst decoding performance was obtained when decoding
was based only on the temporal parameters of an individual
muscle (red area) suggesting that temporal dimension carries less
information about task differences, possibly because all reaches
were made of one acceleration and one deceleration phases with
similar timings. On the contrary, when exploiting the spatial
dimension (overall activation of a set of muscles, green area)
decoding results were higher. This finding suggests that direction
information was mainly carried by the relative activation levels
of different muscles (i.e., the spatial dimension), whereas the
precise timing of muscle activations did not contribute to the
discrimination of different movements. It is noteworthy that not
only was decoding lower for the tested sets of non-modular
parameters but also these parameters can reconstruct only a
subset of the EMG data and thus VAF cannot be evaluated
for them (i.e., they are not able to construct complete muscle
patterns).
In order to be able to also evaluate the VAF, we considered a
non-modular model describing muscle patterns with piece-wise
constant functions (see Equation 3). This model included all
30 muscles -as the spatial dimension carries most of the task
information- and contained a varying number of bins to test
different temporal resolutions. When all bins and all muscles
were considered, the model yielded a complete and exact
description of the original muscle patterns. We observed that
the maximal decoding performance that could be attained with
the activation parameters of such a model was 95% ± 4% across
subjects, with 5 temporal bins (i.e., 150 decoding parameters,
black curve in Figure 8A). Increasing further the number of bins
turned to decrease the decoding performance first slightly and
then drastically, confirming our previous findings about the small
contribution of temporal precision to decoding. In comparison,
the maximum decoding performance obtained by the space-
by-time decomposition was 91% ± 3% (for N = 10, P = 10,
Frontiers in Computational Neuroscience | www.frontiersin.org 11 April 2018 | Volume 12 | Article 20
Hilt et al. Whole-Body Spatiotemporal Modularity
FIGURE 6 | Dependence of the activation coefficients on the initial and final posture. Each graph represents the value of an ai,j coefficient as a function of the initial
position (from T1 to T9; gray-dotted vertical bars) and the final position (from T1 to T9; violet-dotted vertical bars), with i being the number associated to temporal
modules (from 1 to 4) and j to spatial modules (from 1 to 4). Each panel represents one temporal module (1-left up, 2-right up, 3-left down, 4-right down), each color
one spatial module (1-gray, 2-red, 3-green, 4-blue). Results are shown for the data of subject S2.
i.e., 100 parameters, gray curve in Figure 8A). Interestingly,
a smaller set of parameters for themodularmodel (25 parameters,
N = 5, P = 5) already achieved decoding performance of
84% ± 5%. For a comparable number of parameters, decoding
performance was 86% ± 3% for 36 modular parameters (see
gray curve in Figure 8A) vs. 75% ± 5% for 30 non-modular
parameters (see black curve in Figure 8A). Note that in these
analyses only the number of parameters that must be specified
for each single movement to create a full muscle pattern are
counted. Notably, the extracted space-by-time decomposition
using the optimal number of parameters for each subject (S1:
N = 4, P = 4, S2: N = 6, P = 4, S3: N = 7, P = 4,
S4: N = 5, P = 4, i.e., 22 ± 1 parameters across subjects)
yielded 86% ± 1% decoding, whereas the decoding performance
of the non-modular decomposition with 30 parameters was
75%± 1%.
Regarding data approximation, we observed that increasing
the number of bins led to a gradual increase of the VAF
values up to a maximum of 100% when the full muscle
patterns (50 time bins for 30 muscles, i.e., 1,500 parameters
specified for each single movement) was used (see black curve
in Figure 8B). For the modular decomposition (gray curve
in Figure 8B) and small numbers of parameters (from 1 to
100), VAF values were qualitatively equal or higher than the
ones associated with the non-modular descriptions of muscle
patterns (e.g., for 64 modular parameters: VAF = 79% ±
1% vs. for 60 non-modular parameters: VAF = 75% ± 1%).
Again, the extracted space-by-time decomposition using the
optimal number of parameters for each subject (22 ± 1
parameters across subjects) yielded 68% ± 1% VAF, which is
higher than the VAF of the non-modular decomposition with
30 parameters (55% ± 3%). When increasing the number of
parameters, the non-modular decomposition achieves higher
VAF values reaching 100%, as expected when all data points
are used, which is also the case when choosing N = M
and P = T for the extraction of modules (although it
would be meaningless regarding the modularity hypothesis as
there would be no muscle grouping and no dimensionality
reduction).
4. DISCUSSION
In this study, we analyzed the effectiveness of space-by-
time modularity in describing muscle patterns underlying
a set of complex goal-directed movements. We designed
a comprehensive experiment comprising 72 distinct whole-
body pointing movements and collected 30 EMG channels.
We assessed the extent to which a space-by-time modular
decomposition of muscle activity could (a) approximate the
rectified/filtered EMG data on single trials and (b) convey
task-relevant information. Although descriptive, the present
study shows that space-by-time modularity provides a relevant
overview of how muscle patterns may be formed during whole-
body voluntary movements, as discussed below.
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FIGURE 7 | Comparison of decoding power between the space-by-time decomposition and three other sets of EMG parameters of equal dimensionality for each
subject. The different sets of parameters were compared in terms of their decoding power for three different dimensionalities (9, 16, and 25 parameters corresponding
to (P,N) = (3, 3),(4, 4),(5, 5) spatial and temporal modules respectively). For each subject’s graph, the black line represents the decoding power of the space-by-time
decomposition. For the three other sets of decoding parameters, we plot the 95% confidence interval for the decoding performance results obtained across 20
repetitions. The red area represents the decoding performance for one randomly selected muscle and 9, 16, and 25 temporal bins (M = 1, B = N× P). The green
area represents the decoding performance for 9, 16, and 25 randomly chosen muscles and one temporal bin per muscle (M = N× P, B = 1). The blue area
represents the decoding performance for N randomly chosen muscles and P bins per muscle (M = N, B = P). M refers to the number of muscles, B to the number of
temporal bins per muscle and P, N represent the number of temporal and spatial modules respectively.
4.1. Parsimonious Representation of EMG
Data in Space and Time
Four bursts of muscle activation characterized the timing of
movement-related EMG activity. Notably, this set of temporal
modules was very consistent across subjects and more temporal
precision did not improve the characterization of the task
performed using decoding analysis. Refining the number of
temporal modules only contributed to increasing the VAF, i.e.,
yielded a better reconstruction of EMG patterns. This finding
shows that the task-relevant information is mainly conveyed in
four successive temporal recruitments that may correspond to
different phases of the goal-directedmovement. The nature of the
task may have defined the four temporal phases observed here:
postural stabilization over starting point, movement initiation,
movement deceleration and stabilization over endpoint. The
obtained temporal modules have a particular form similar to
bursts of muscle activity. It is, however, important to note that no
mathematical constraint was imposed on the selection of these
modules. In other words, the modules were only constrained to
be non-negative and no specific shape was imposed on them
(e.g., Gaussian). In addition, similar temporal modules have
been described in different studies (different motor tasks and
different animal models) using different extraction techniques
(Hart and Giszter, 2004; Ivanenko et al., 2004, 2005; Dominici
et al., 2011), which suggests that the obtained shapes are likely
not a by-product of the algorithm or the task constraints but
are physiological. This supports the robustness of the identified
temporal structure of motor modules irrespective of the study-
specific signal preprocessing procedure (Kargo and Giszter, 2008;
Hart and Giszter, 2010). We also note that when using an
extension of the model that includes temporal shifts/delays in
the temporal modules (as derived in Delis et al., 2014), we
did not obtain any task discrimination gain but VAF could be
higher. This suggests that the task-related temporal structure
of muscle patterns is well explained by the extracted temporal
modules and that any minor variations in muscle timings
likely require time shifts of those modules. Also it is worth
noting that the preprocessing of EMG data tends to filter out
measurement noise such that the analyzed signals comprised
mostly of physiological within-task and between-task variations
whose relative weight was indirectly assessed via the decoding
analysis.
In space, the module extraction algorithm grouped muscles
into a few (4–7) spatial modules consisting of muscles from
different body parts and hemibodies suggesting that groupings
did not contain only anatomically coupled or neighboring
muscle groups. Also, each spatial module was typically activated
to perform many different movements and each movement
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FIGURE 8 | Comparison of decoding performance (A) and VAF (B) as a function of the number of single-trial parameters between the modular and non-modular
decompositions. Gray lines represent the average decoding performance and VAF across subjects of the modular decomposition using 3, 4, 5, 6, 7, 8, 9, and 10
temporal and spatial modules, which correspond to a total of 9, 16, 25, 36, 49, 64, 81, and 100 single-trial parameters respectively (top gray x-axis). Black lines
represent the average decoding performance and VAF across subjects of the non-modular decomposition. As single-trial parameters of the non-modular
decomposition, we used the rms values of the EMG signals of all (30) muscles binned in 1, 2, 5, 10, 25, 50 temporal windows, which corresponds to a total of 30, 60,
150, 300, 750, 1,500 single-trial parameters respectively (bottom x-axis).
was performed using the simultaneous activation of many
spatial modules (see Figure 6 and Supplementary Material A:
modulation of the a coefficients as a function of the initial an
final position). This suggests that the spatial modules are not
direction-specific but rather functional groups of muscles shared
across movements whose weighted recruitment actually codes
the task being performed (Tresch et al., 1999; d’Avella et al.,
2006, 2008; Torres-Oviedo et al., 2006; Delis et al., 2013b, 2014).
The spatial modules were also more variable across participants
than the temporal ones. First, this could be due to the fact
that subjects had a different optimal number of spatial modules,
thus requiring different muscle groupings. Second, such inter-
subject differences in muscle synergies have been reported in
previous studies (Guidetti et al., 1996; Hug et al., 2010; Frère
and Hug, 2012) and are expected to be more pronounced
when more muscles are recorded. Indeed, in complex motor
tasks (e.g., whole-body-reaching), spatial variability may increase
for multiple reasons: different skin conductions or muscle
characteristics, different motion kinematics and dynamics, etc.
Furthermore, different muscle groupings across individuals may
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be the outcome of learning or developmental processes, which
have recently started to be investigated (Dominici et al., 2011).
Therefore, the modular control hypothesis is compatible with the
finding that different participants could exhibit different motor
modules. However, somemuscles such as left tibialis anterior and
peroneus appeared to work in synergy for all participants.
4.2. VAF and Discrimination Power
Compared to Other Studies
We found that a small set of spatial and temporal modules
described muscle activations during performance of a wide
range of whole-body pointing movements. This parsimonious
representation explained a large part of the between- and within-
task variability of the EMG recordings (significantly more than
chance), although the actual VAF values we obtained here may
be relatively low compared to other studies. One main reason
is that the present muscle patterns exhibited a higher level of
variability than other studies as a result of (a) extracting modules
from single-trial data (30 trials for each motion direction),
i.e., not resorting to averaging and (b) studying a very large
set of different tasks (72 distinct movement types, which gives
a total of 2,160 trials). When extracting modules from trial-
averaged data, the average VAF across subjects was 90%, which
is comparable to VAF values found in other studies using a
smaller number of distinct movements and time-shifts (d’Avella
et al., 2006). However, decoding scores could not be evaluated if
using averaged data. Note also that our formula for computing
the VAF was relatively conservative compared to other formulas
that could give arbitrarily larger VAF values, for instance by
replacing the mean muscle pattern by zero in the denominator
of Equation (2) (Torres-Oviedo et al., 2006). Notwithstanding
this, the low VAF and the residual reconstruction error could be
taken as evidence that space-by-time modularity can only give
a crude description of muscle patterns unless the number of
modules is increased. This was already noticed in another study
where highVAF levels were needed to accurately reproduce single
muscle patterns (Zelik et al., 2014). Here we showed that the
low-dimensional EMG description was nevertheless associated
to a surprisingly high decoding performance in spite of the fact
that task decoding is not an objective of the decomposition
algorithm.
Interestingly, the spatial (muscle) dimension of EMG activity
appeared to carry more task information than the temporal
dimension, which is consistent with previous findings (Delis
et al., 2014). The low task information carried by the temporal
modules may be partly explained by the fact that muscle
signals need to be normalized in time to have equal lengths
before being input to matrix factorization algorithms. Time
normalization is useful in order to align trials with different
durations (and mandatory in current NMF-based methods),
however its impact on the task information carried by the
resulting signals needs to be investigated further. It is also
unlikely that varying the speed instructions (i.e., including
different speed conditions in the analysis) would have improved
the task discrimination power of the temporal modules as this
was not the case for planar arm reaching movements (Delis
et al., 2013b). Strikingly, however, our decoding results are
comparable and even higher than the ones obtained in the
simpler 2-dimensional arm reaching study mentioned above
(86% vs. 80%) as well as in other studies investigating grasping
movements (Weiss and Flanders, 2004; Overduin et al., 2010;
Leo et al., 2016). This decoding gain can be explained by
two main differences with prior work. First, we used a more
flexible model of muscle activation modularity, namely the
space-by-time decomposition, which was shown to have higher
movement discrimination power compared to alternative models
(Delis et al., 2014). Second, we investigated a whole-body
reaching task, for which, in contrast to arm reaching and
grasping, (a) a large number of muscles with complementary
functional roles can be recorded using surface EMGs and (b)
activations of several muscles are expected to be markedly
different across tasks. We also note that, in this study, a
larger number of temporal and spatial modules was required
to achieve these decoding values. This difference indicates that
the number of dimensions is dependent on the set of tasks
under consideration, hence, to draw more general conclusions
about dimensionality, it is important to examine other motor
behaviors that are as unconstrained as possible. The task
dependency of the modules can be understood if we consider
similar reaching movements (e.g., to neighboring targets). In
this case, task decoding would be considerably more difficult
than discriminating between very different motor behaviors as
considered here, where ensemble EMG patterns differ clearly.
This point is confirmed via our confusion matrix analyses.
Overall, the decoding analysis reveals that recruitment of muscle
groupings (spatial modules) is highly dependent on the direction
of hand displacement. Their combination with adequate timing
signals (temporal modules) via the descending motor commands
(activation coefficients) leads to unequivocal characterization of
distinct movements.
4.3. Space-by-Time Modularity for Motor
Control
Considering the neural basis of a space-by-time modular scheme,
our modeling implicitly assumes that the (invariant) spatial and
temporal modules may be stored in certain CNS areas. Then,
the (variable) activation coefficients may be triggered by higher-
level cortical structures that would generate the descending
neural command which would recruit a specific set of modules
to coordinate the task-specific recruitment of several muscles
and execute the movement at hand. This view is compatible
with evidence that, when stimulated, the motor cortex in the
primate brain is able to coordinate behaviorally relevant actions,
whereby neuronal activity may trigger such goal-directed,
multijoint reaching movements (Graziano, 2006). Recently,
similar evidence for a high-level encoding of ethological actions
has been found in the precentral gyrus of patients undergoing
brain surgery (Desmurget et al., 2014). Our findings are not
incompatible with such a hierarchical neural implementation
of action since the tested modular decomposition was quite
effective for task encoding and muscle pattern approximation.
However, it is undeniable that the space-by-time decomposition
gives only a crude picture of the recorded muscle patterns
on single trials. Theoretically, all trial-to-trial EMG variations
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should be captured by the model (neglecting measurement
noise) but a much larger number of modules would be required
to achieve VAF above a 90% threshold for instance. This
issue was already identified with other existing muscle synergy
models for locomotion (Zelik et al., 2014). While we have
provided some computational arguments explaining why the
VAF is lower than the one observed in prior studies on
the topic, we cannot dismiss a potential departure from the
proposed feedforward modular control scheme. Indeed, the role
of feedback is largely neglected in such models where it might
be relevant to better replicate the recorded muscle patterns.
Hence we speculate that the high movement discrimination
capacity but approximate muscle pattern reconstruction ability
may reflect the fact that feedback and/or intermittent control
processes occur duringmotor execution and thus, these processes
should be modeled in muscle synergy studies (see below).
More generally, the question of falsifying the muscle synergy
hypothesis has proved to be difficult although it has been
tackled by several neurophysiological and computational works
as discussed hereafter.
4.4. Critical Evaluation of Modular Motor
Control
A large number of recent studies attempted to assess modular
organizations in terms of their effectiveness in motor control
and learning (Valero-Cuevas et al., 2009; d’Avella and Pai, 2010;
Kutch and Valero-Cuevas, 2012; Berger et al., 2013; Berger
and d’Avella, 2014; Bengoetxea et al., 2014; Inouye and Valero-
Cuevas, 2016). In the same vein, other authors have proposed
approaches to address the plausibility of modularity in motor
control (Giszter, 2015). In particular, monkey electrophysiology
(Graziano et al., 2002; Holdefer and Miller, 2002; Overduin
et al., 2012, 2014, 2015), human neuroimaging (Asavasopon et al.,
2014; Rana et al., 2015) and computational studies (Laine et al.,
2015) were employed to investigate the neural origins of motor
modularity. Also, modeling studies examined whether optimal
motor control can be implemented by modular control schemes
(Nori and Frezza, 2005; Chhabra and Jacobs, 2006; Berniker et al.,
2009; Neptune et al., 2009; Alessandro et al., 2013a). Finally,
studies of human motor behavior investigated the robustness
of modules by imposing alterations on muscle coordination of
healthy individuals (de Rugy et al., 2012, 2013; Nazarpour et al.,
2012a; Steele et al., 2015) and testingmuscle activations in clinical
populations (Clark et al., 2010; Gizzi et al., 2011; Cheung et al.,
2012; Roh et al., 2013).
Here, we tried to approach this issue in agreement with the
guidelines developed by Gao andGanguli (2015) in neuroscience.
First, to assess whether modularity may be employed as
a strategy for “simplifying” the degrees-of-freedom problem
of motor control, modularity should be examined in high-
dimensional spaces. In this vein, we propose the design of
an experiment that comprises as many movements as possible
(with numerous repetitions of the same movement) and involves
time-varying EMG recordings of as many muscles as possible
(Steele et al., 2013, 2015). Our experiment here comprises
more tasks (understand movement types here) than most other
studies and also considers a complex daily-life motor behavior
of whole-body reaching while standing for which a large inter-
individual and intra-individual variability may exist (Berret et al.,
2009; Hilt et al., 2016). Second, we evaluated the functional
role of the model by looking at the extent to which it could
represent such a wide variety of muscle patterns with between-
task and within-task variabilities. Third, we compared the
performance of themodularmodel with alternative non-modular
models in terms of task decoding, data approximation and
dimensionality reduction (i.e., the number of parameters to
be specified on a single trial). Here, we could only provide
qualitative observations and comparisons with parameters of the
non-modular models that were chosen empirically, thus they
were not fully optimized. Nevertheless, at equivalent number of
parameters, the modular model provided a better description
of muscle patterns from both task discrimination and data
approximation viewpoints, though more participants and a more
thorough search in the parameter space of the EMG signal would
be required to confirm such a tendency. Future work in this
direction is needed, in particular to understand if higher VAF
could be achieved with more advanced synergy models and if
temporal modules that carry more task information could be
identified.
4.5. Future Work
Future research directions should involve investigating
alternative formulations of the modular control hypothesis
that allow refining motor programs by adapting the modular
decompositions for specific task demands, possibly assuming
intermittent control (Karniel, 2013). Considering how well
the extracted modules allow reconstructing individual muscle
activities (Zelik et al., 2014) seems also pertinent to understand
if all critical features of muscle activity are considered when
generating genuine muscle patterns from a small number
of invariant modules. Finally, considering variants of the
module extraction algorithm may improve the quality of data
approximation and task discrimination. For example, a method
that incorporates the task discrimination objective within the
module extraction process was shown to identify decompositions
with nearly perfect task discrimination power while preserving
the same levels of VAF (Delis et al., 2015). Developing methods
allowing to avoid time normalization and binning and allowing
to consider recruitment of modules via feedback signals would
also be very useful especially in order to understand better which
neural pathways contribute to the recorded muscle activity and
shape the modular organization we identified here. Of particular
interest will be to inform our computational framework with
a more detailed account of the underlying physiology of the
motor system including the response latencies of different
neural pathways as well as the interactions of descending
drives and peripheral impulses (Burke et al., 1992; Galea and
Darian-Smith, 1997; Maier et al., 2005; Darian-Smith et al.,
2013; Chakrabarty and Martin, 2011). In conclusion, further
computational and experimental work is required to investigate
the motor modularity hypothesis for the neural control of
movement.
Frontiers in Computational Neuroscience | www.frontiersin.org 16 April 2018 | Volume 12 | Article 20
Hilt et al. Whole-Body Spatiotemporal Modularity
ETHICS STATEMENT
This study was carried out in accordance with the
recommendations of the Comite de Protection des personnes
Est 1, with written informed consent from all subjects. All
subjects gave written informed consent in accordance with the
Declaration of Helsinki. The protocol was approved by the
Comite de Protection des personnes Est 1.
AUTHOR CONTRIBUTIONS
All authors participated in the design of the experiment. PH
prepared the experimental setup and collected the data. PH, ID,
and BB analyzed all the data. ID and BB created the model
of muscular synergies and the associated codes. All authors
participated in interpretation of data and helped draft the
manuscript. All authors gave final approval for publication.
ACKNOWLEDGMENTS
This research was supported by the Institut National de la Santé
et de la Recherche Médicale (INSERM), the Conseil Général de
Bourgogne (France) and the Fonds européen de développement
régional (FEDER).
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fncom.
2018.00020/full#supplementary-material
REFERENCES
Alessandro, C., Carbajal, J. P., and d’Avella, A. (2013a). A computational analysis of
motor synergies by dynamic response decomposition. Front. Comput. Neurosci.
7:191. doi: 10.3389/fncom.2013.00191
Alessandro, C., Delis, I., Nori, F., Panzeri, S., and Berret, B. (2013b).
Muscle synergies in neuroscience and robotics: from input-space to task-
space perspectives. Front. Comput. Neurosci. 7:43. doi: 10.3389/fncom.2013.
00043
Asavasopon, S., Rana, M., Kirages, D. J., Yani, M. S., Fisher, B. E., et al. (2014).
Cortical activation associated with muscle synergies of the human male pelvic
floor. J. Neurosci. 34, 13811–13818. doi: 10.1523/JNEUROSCI.2073-14.2014
Bengoetxea, A., Leurs, F., Hoellinger, T., Cebolla, A. M., Dan, B., McIntyre,
J., et al. (2014). Physiological modules for generating discrete and rhythmic
movements: action identification by a dynamic recurrent neural network.
Front. Comput. Neurosci. 8:100. doi: 10.3389/fncom.2014.00100
Berger, D. J., and d’Avella, A. (2014). Effective force control by muscle synergies.
Front. Comput. Neurosci. 8:46. doi: 10.3389/fncom.2014.00046
Berger, D. J., Gentner, R., Edmunds, T., Pai, D. K., and d’Avella,
A. (2013). Differences in adaptation rates after virtual surgeries
provide direct evidence for modularity. J. Neurosci. 33, 12384–12394.
doi: 10.1523/JNEUROSCI.0122-13.2013
Berniker, M., Jarc, A., Bizzi, E., and Tresch, M. C. (2009). Simplified and effective
motor control based on muscle synergies to exploit musculoskeletal dynamics.
Proc. Natl. Acad. Sci. U.S.A. 106, 7601–7606. doi: 10.1073/pnas.0901512106
Bernstein, N. (1967). The Coordination and Regulation of Movements. Oxford:
Pergamon Press.
Berret, B., Bonnetblanc, F., Papaxanthis, C., and Pozzo, T. (2009). Modular
control of pointing beyond arm’s length. J. Neurosci. 29, 191–205.
doi: 10.1523/JNEUROSCI.3426-08.2009
Bizzi, E., Cheung, V. C. K., d’Avella, A., Saltiel, P., and Tresch, M.
(2008). Combining modules for movement. Brain Res. Rev. 57, 125–133.
doi: 10.1016/j.brainresrev.2007.08.004
Bizzi, E., Mussa-Ivaldi, F. A., and Giszter, S. (1991). Computations underlying
the execution of movement: a biological perspective. Science 253, 287–291.
doi: 10.1126/science.1857964
Burke, D., Gracies, J., Mazevet, D., Meunier, S., and Pierrot-Deseilligny, E.
(1992). Convergence of descending and various peripheral inputs onto
common propriospinal-like neurones in man. J. Physiol. 449, 655–671.
doi: 10.1113/jphysiol.1992.sp019107
Chakrabarty, S., and Martin, J. H. (2011). Co-development of proprioceptive
afferents and the corticospinal tract within the cervical spinal cord. Eur. J.
Neurosci. 34, 682–694. doi: 10.1111/j.1460-9568.2011.07798.x
Cheung, V. C. K., Turolla, A., Agostini, M., Silvoni, S., Bennis, C., Kasi,
P., et al. (2012). Muscle synergy patterns as physiological markers of
motor cortical damage. Proc. Natl. Acad. Sci. U.S.A. 109, 14652–14656.
doi: 10.1073/pnas.1212056109
Chhabra, M., and Jacobs, R. A. (2006). Properties of synergies arising from
a theory of optimal motor behavior. Neural Comput. 18, 2320–2342.
doi: 10.1162/neco.2006.18.10.2320
Chiovetto, E., Berret, B., Delis, I., Panzeri, S., and Pozzo, T. (2013).
Investigating reduction of dimensionality during single-joint elbow
movements: a case study on muscle synergies. Front. Comput. Neurosci.
7:11. doi: 10.3389/fncom.2013.00011
Chiovetto, E., Berret, B., and Pozzo, T. (2010). Tri-dimensional and triphasic
muscle organization of whole-body pointing movements. Neuroscience 170,
1223–1238. doi: 10.1016/j.neuroscience.2010.07.006
Clark, D. J., Ting, L. H., Zajac, F. E., Neptune, R. R., and Kautz, S. A. (2010).
Merging of healthy motor modules predicts reduced locomotor performance
andmuscle coordination complexity post-stroke. J. Neurophysiol. 103, 844–857.
doi: 10.1152/jn.00825.2009
Darian-Smith, C., Lilak, A., and Alarcon, C. (2013). Corticospinal sprouting occurs
selectively following dorsal rhizotomy in the macaque monkey. J. Comput.
Neurol. 521, 2359–2372. doi: 10.1002/cne.23289
d’Avella, A., Fernandez, L., Portone, A., and Lacquaniti, F. (2008). Modulation
of phasic and tonic muscle synergies with reaching direction and speed. J.
Neurophysiol. 100, 1433–1454. doi: 10.1152/jn.01377.2007
d’Avella, A., and Pai, D. K. (2010). Modularity for sensorimotor
control: evidence and a new prediction. J. Mot. Behav. 42, 361–369.
doi: 10.1080/00222895.2010.526453
d’Avella, A., Portone, A., Fernandez, L., and Lacquaniti, F. (2006). Control of
fast-reaching movements by muscle synergy combinations. J. Neurosci. 26,
7791–7810. doi: 10.1523/JNEUROSCI.0830-06.2006
de Rugy, A., Loeb, G. E., and Carroll, T. J. (2012). Muscle coordination
is habitual rather than optimal. J. Neurosci. 32, 7384–7391.
doi: 10.1523/JNEUROSCI.5792-11.2012
de Rugy, A., Loeb, G. E., and Carroll, T. J. (2013). Are muscle synergies useful
for neural control? Front. Comput. Neurosci. 7:19. doi: 10.3389/fncom.2013.
00019
Delis, I., Berret, B., Pozzo, T., and Panzeri, S. (2013a). A methodology for
assessing the effect of correlations among muscle synergy activations
on task-discriminating information. Front. Comput. Neurosci. 7:54.
doi: 10.3389/fncom.2013.00054
Delis, I., Berret, B., Pozzo, T., and Panzeri, S. (2013b). Quantitative evaluation of
muscle synergy models: a single-trial task decoding approach. Front. Comput.
Neurosci. 7:8. doi: 10.3389/fncom.2013.00008
Delis, I., Panzeri, S., Pozzo, T., and Berret, B. (2014). A unifying model of
concurrent spatial and temporal modularity in muscle activity. J. Neurophysiol.
111, 675–693. doi: 10.1152/jn.00245.2013
Delis, I., Panzeri, S., Pozzo, T., and Berret, B. (2015). Task-discriminative
space-by-time factorization of muscle activity. Front. Hum. Neurosci. 9:399.
doi: 10.3389/fnhum.2015.00399
Desmurget, M., Richard, N., Harquel, S., Baraduc, P., Szathmari, A., Mottolese,
C., et al. (2014). Neural representations of ethologically relevant hand/mouth
Frontiers in Computational Neuroscience | www.frontiersin.org 17 April 2018 | Volume 12 | Article 20
Hilt et al. Whole-Body Spatiotemporal Modularity
synergies in the human precentral gyrus. Proc. Natl. Acad. Sci. U.S.A. 111,
5718–5722. doi: 10.1073/pnas.1321909111
Dominici, N., Ivanenko, Y. P., Cappellini, G., d’Avella, A., Mondi, V., Cicchese, M.,
et al. (2011). Locomotor primitives in newborn babies and their development.
Science 334, 997–999. doi: 10.1126/science.1210617
Flash, T., and Hochner, B. (2005). Motor primitives in vertebrates
and invertebrates. Curr. Opin. Neurobiol. 15, 660–666.
doi: 10.1016/j.conb.2005.10.011
Frère, J., and Hug, F. (2012). Between-subject variability of muscle
synergies during a complex motor skill. Front. Comput. Neurosci. 6:99.
doi: 10.3389/fncom.2012.00099
Galea, M. P., and Darian-Smith, I. (1997). Manual dexterity and corticospinal and
connectivity following and unilateral and section of the cervical and spinal and
cord in the macaque and monkey. J. Comp. Neurol. 381, 307–319.
Gao, P., and Ganguli, S. (2015). On simplicity and complexity in the brave
new world of large-scale neuroscience. Curr. Opin. Neurobiol. 32, 148–155.
doi: 10.1016/j.conb.2015.04.003
Giszter, S. F. (2015). Motor primitives - new data and future questions. Curr. Opin.
Neurobiol. 33, 156–165. doi: 10.1016/j.conb.2015.04.004
Gizzi, L., Nielsen, J. F., Felici, F., Ivanenko, Y. P., and Farina, D. (2011). Impulses of
activation but not motor modules are preserved in the locomotion of subacute
stroke patients. J. Neurophysiol. 106, 202–210. doi: 10.1152/jn.00727.2010
Graziano, M. (2006). The organization of behavioral repertoire
in motor cortex. Annu. Rev. Neurosci. 29, 105–134.
doi: 10.1146/annurev.neuro.29.051605.112924
Graziano, M. S. A., Taylor, C. S. R., Moore, T., and Cooke, D. F.
(2002). The cortical control of movement revisited. Neuron 36, 349–362.
doi: 10.1016/S0896-6273(02)01003-6
Guidetti, L., Rivellini, G., and Figura, F. (1996). Emg patterns during running:
intra- and inter-individual variability. J. Electromyogr. Kinesiol. 6, 37–48.
doi: 10.1016/1050-6411(95)00015-1
Hart, C. B., and Giszter, S. F. (2004). Modular premotor drives and unit
bursts as primitives for frog motor behaviors. J. Neurosci. 24, 5269–5282.
doi: 10.1523/JNEUROSCI.5626-03.2004
Hart, C. B., and Giszter, S. F. (2010). A neural basis for motor
primitives in the spinal cord. J. Neurosci. 30, 1322–1336.
doi: 10.1523/JNEUROSCI.5894-08.2010
Hastie, T., Tibshirani, R., and Friedman, J. (2009). Unsupervised Learning. New
York, NY: Springer.
Hilt, P. M., Berret, B., Papaxanthis, C., Stapley, P. J., and Pozzo, T. (2016). Evidence
for subjective values guiding posture and movement coordination in a free-
endpoint whole-body reaching task. Sci. Rep. 6:23868. doi: 10.1038/srep23868
Holdefer, R. N., and Miller, L. E. (2002). Primary motor cortical neurons
encode functional muscle synergies. Exp. Brain Res. 146, 233–243.
doi: 10.1007/s00221-002-1166-x
Hug, F., Turpin, N. A., Guevel, A., and Dorel, S. (2010). Is
interindividual variability of emg patterns in trained cyclists related
to different muscle synergies? J. Appl. Physiol. 108, 1727–1736.
doi: 10.1152/japplphysiol.01305.2009
Inouye, J., and Valero-Cuevas, F. (2016). Muscle synergies heavily influence
the neural control of arm endpoint stiffness and energy consumption. PLoS
Comput. Biol. 12:e1004737. doi: 10.1371/journal.pcbi.1004737
Ivanenko, Y. P., Cappellini, G., Dominici, N., Poppele, R. E., and Lacquaniti, F.
(2005). Coordination of locomotion with voluntary movements in humans. J.
Neurosci. 25, 7238–7253. doi: 10.1523/JNEUROSCI.1327-05.2005
Ivanenko, Y. P., Poppele, R. E., and Lacquaniti, F. (2004). Five basic muscle
activation patterns account for muscle activity during human locomotion. J.
Physiol. 556(Pt 1), 267–282. doi: 10.1113/jphysiol.2003.057174
Kargo, W. J., and Giszter, S. F. (2008). Individual premotor drive pulses,
not time-varying synergies, are the units of adjustment for limb
trajectories constructed in spinal cord. J. Neurosci. 28, 2409–2425.
doi: 10.1523/JNEUROSCI.3229-07.2008
Karniel, A. (2013). The minimum transition hypothesis for intermittent
hierarchical motor control. Front. Comput. Neurosci. 7:12.
doi: 10.3389/fncom.2013.00012
Kendall, F., McCreary, E., Provance, P., Rodgers, M., and Romani, W. (2005).
Muscles, Testing and Function with Posture and Pain, 5th Edn. Baltimore, MD:
Williams &Wilkins.
Kutch, J. J., Kuo, A. D., Bloch, A. M., and Rymer, W. Z. (2008). Endpoint
force fluctuations reveal flexible rather than synergistic patterns of muscle
cooperation. J. Neurophysiol. 100, 2455–2471. doi: 10.1152/jn.90274.2008
Kutch, J. J., and Valero-Cuevas, F. J. (2012). Challenges and new approaches to
proving the existence of muscle synergies of neural origin. PLoS Comput. Biol.
8:e1002434. doi: 10.1371/journal.pcbi.1002434
Laine, C. M., Martinez-Valdes, E., Falla, D., Mayer, F., and Farina, D. (2015). Motor
neuron pools of synergistic thigh muscles share most of their synaptic input. J.
Neurosci. 35, 12207–12216. doi: 10.1523/JNEUROSCI.0240-15.2015
Leo, A., Handjaras, G., Bianchi, M., Marino, H., Gabiccini, M., Guidi, A., et al.
(2016). A synergy-based hand control is encoded in human motor cortical
areas. Elife 5:e13420. doi: 10.7554/eLife.13420
Leonard, J. A., Brown, R. H., and Stapley, P. J. (2009). Reaching to multiple targets
when standing: the spatial organization of feedforward postural adjustments. J.
Neurophysiol. 101, 2120–2133. doi: 10.1152/jn.91135.2008
Maier, M., Shuppe, L., and Fetz, E. (2005). Dynamic neural and network models
and of the premotoneuronal and circuitry and controlling wrist andmovements
in primates. J. Comput. Neurosci. 19, 125–146. doi: 10.1007/s10827-005-0899-5
Nazarpour, K., Al-Timemy, A. H., Bugmann, G., and Jackson, A. (2012a). A note
on the probability distribution function of the surface electromyogram signal.
Brain Res. Bull. 90, 88–91. doi: 10.1016/j.brainresbull.2012.09.012
Nazarpour, K., Barnard, A., and Jackson, A. (2012b). Flexible cortical
control of task-specific muscle synergies. J. Neurosci. 32, 12349–12360.
doi: 10.1523/JNEUROSCI.5481-11.2012
Neptune, R. R., Clark, D. J., and Kautz, S. A. (2009). Modular control
of human walking: a simulation study. J. Biomech. 42, 1282–1287.
doi: 10.1016/j.jbiomech.2009.03.009
Nori, F., and Frezza, R. (2005). A control theory approach to the analysis and
synthesis of the experimentally observed motion primitives. Biol. Cybern. 93,
323–342. doi: 10.1007/s00422-005-0008-x
Overduin, S., d’Avella, A., Roh, J., Carmena, J., and Bizzi, E. (2015). Representation
of muscle synergies in the primate brain. J. Neurosci. 35, 12615–12624.
doi: 10.1523/JNEUROSCI.4302-14.2015
Overduin, S., F., Z., Bizzi, E., and d Avella A (2010). An instumented glove for small
primates. J. Neurosci. Methods 187:100. doi: 10.1016/j.jneumeth.2009.12.007
Overduin, S. A., d’Avella, A., Carmena, J. M., and Bizzi, E. (2012).
Microstimulation activates a handful of muscle synergies. Neuron 76,
1071–1077. doi: 10.1016/j.neuron.2012.10.018
Overduin, S. A., d’Avella, A., Carmena, J. M., and Bizzi, E. (2014). Muscle synergies
evoked by microstimulation are preferentially encoded during behavior. Front.
Comput. Neurosci. 8:20. doi: 10.3389/fncom.2014.00020
Rana, M., Yani, M. S., Asavasopon, S., Fisher, B. E., and Kutch, J. J. (2015).
Brain connectivity associated with muscle synergies in humans. J. Neurosci. 35,
14708–14716. doi: 10.1523/JNEUROSCI.1971-15.2015
Roh, J., Rymer, W. Z., Perreault, E. J., Yoo, S. B., and Beer, R. F. (2013).
Alterations in upper limb muscle synergy structure in chronic stroke survivors.
J. Neurophysiol. 109, 768–781. doi: 10.1152/jn.00670.2012
Santuz, A., Ekizos, A., Janshen, L., Baltzopoulos, V., and Arampatzis, A. (2016).
On the methodological implications of extracting muscle synergies from
human locomotion. Int. J. Neural Syst. 27:1750007. doi: 10.1142/S0129065717
500071
Stapley, P. J., Pozzo, T., Grishin, A., and Papaxanthis, C. (2000). Investigating
centre of mass stabilisation as the goal of posture and movement
coordination during human whole body reaching. Biol. Cybern. 82, 161–172.
doi: 10.1007/s004220050016
Steele, K. M., Tresch, M. C., and Perreault, E. J. (2013). The number and choice of
muscles impact the results of muscle synergy analyses. Front. Comput. Neurosci.
7:105. doi: 10.3389/fncom.2013.00105
Steele, K. M., Tresch, M. C., and Perreault, E. J. (2015). Consequences of
biomechanically constrained tasks in the design and interpretation of synergy
analyses. J. Neurophysiol. 113, 2102–2113. doi: 10.1152/jn.00769.2013
Thomas, J. S., Corcos, D. M., and Hasan, Z. (2005). Kinematic and kinetic
constraints on arm, trunk, and leg segments in target-reaching movements. J.
Neurophysiol. 93, 352–364. doi: 10.1152/jn.00582.2004
Ting, L. H., Chvatal, S. A., Safavynia, S. S., and McKay, J. L. (2012). Review and
perspective: neuromechanical considerations for predicting muscle activation
patterns for movement. Int. J. Numer. Meth. Biomed. Eng. 28, 1003–1014.
doi: 10.1002/cnm.2485
Frontiers in Computational Neuroscience | www.frontiersin.org 18 April 2018 | Volume 12 | Article 20
Hilt et al. Whole-Body Spatiotemporal Modularity
Ting, L. H., and Macpherson, J. M. (2005). A limited set of muscle synergies
for force control during a postural task. J. Neurophysiol. 93, 609–613.
doi: 10.1152/jn.00681.2004
Todorov, E., and Jordan, M. I. (2002). Optimal feedback control as a theory of
motor coordination. Nat. Neurosci. 5, 1226–1235. doi: 10.1038/nn963
Todorov, E., Li, W., and Pan, X. (2005). From task parameters to motor synergies:
a hierarchical framework for approximately-optimal control of redundant
manipulators. J. Robot. Syst. 22, 691–710. doi: 10.1002/rob.20093
Torres-Oviedo, G., Macpherson, J. M., and Ting, L. H. (2006). Muscle
synergy organization is robust across a variety of postural perturbations. J.
Neurophysiol. 96, 1530–1546. doi: 10.1152/jn.00810.2005
Tresch, M. C., Saltiel, P., and Bizzi, E. (1999). The construction of movement by
the spinal cord. Nat. Neurosci. 2, 162–167. doi: 10.1038/5721
Valero-Cuevas, F. J., Venkadesan, M., and Todorov, E. (2009). Structured
variability of muscle activations supports the minimal intervention
principle of motor control. J. Neurophysiol. 102, 59–68. doi: 10.1152/jn.
90324.2008
Weiss, E. J., and Flanders, M. (2004). Muscular and postural synergies of the
human hand. J. Neurophysiol. 92, 523–535. doi: 10.1152/jn.01265.2003
Zelik, K. E., La Scaleia, V., Ivanenko, Y. P., and Lacquaniti, F. (2014). Can modular
strategies simplify neural control of multidirectional human locomotion? J.
Neurophysiol. 111, 1686–1702. doi: 10.1152/jn.00776.2013
Conflict of Interest Statement: The authors declare that the research was
conducted in the absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.
Copyright © 2018 Hilt, Delis, Pozzo and Berret. This is an open-access article
distributed under the terms of the Creative Commons Attribution License (CC
BY). The use, distribution or reproduction in other forums is permitted, provided
the original author(s) and the copyright owner are credited and that the original
publication in this journal is cited, in accordance with accepted academic practice.
No use, distribution or reproduction is permitted which does not comply with these
terms.
Frontiers in Computational Neuroscience | www.frontiersin.org 19 April 2018 | Volume 12 | Article 20
